The human brain exhibits rhythms that are characteristic for anatomical areas and presumably involved in diverse perceptual and cognitive processes. Visual deprivation results in behavioral adaptation and cortical reorganization, particularly affecting sensory cortices. Whether these plasticity-related changes are accompanied by altered spectral properties of neural signals and whether certain brain areas are particularly targeted by these changes is unknown. With a recently introduced approach, we analyzed MEG resting state data of a group of congenitally blind and matched sighted individuals. First, using clustering procedures (k-means and Gaussian Mixture Models) we identified brain region-specific spectral clusters. Second, a classifier was employed to test the specificity of the spectral profiles within and the differences between groups.
Introduction
The behavioral and neuronal changes associated with visual deprivation-related plasticity offer a unique opportunity to get new insights into the plasticity of intrinsic brain rhythms. In congenital blindness, sensory deprivation is associated with adaptive behavior and neural reorganization. Congenitally blind individuals (CB) were repeatedly reported to show behavioral advantages in a range of different auditory (e.g. pitch discrimination (1) , sound localization (2, 3) , voice recognition (4, 5) , or temporal order processing (6,7)), tactile (e.g. temporal order processing (6, 8) ) and higher-level cognitive tasks (e.g. auditory (9) and verbal memory (10, 11) ; temporal attention (12) , musical meter perception (13, 14) , temporal order verbal working memory (15) , the perception of ultra-fast speech (16) (17) (18) (19) ), when compared to normally sighted controls.
These behavioral changes have been related to observations from neuroimaging studies, which revealed altered structural and functional cortical properties. In particular, the occipital cortex is characterized by decreased surface and volume of primary and association areas related to volumetric atrophies (20, 21) but also by increased thickness, possibly related to complex developmental and compensatory plasticity (22, 23) in congenital blindness. As has been shown repeatedly, visual areas are recruited during various non-visual tasks which has been referred to as cross-modal plasticity (15, (24) (25) (26) (27) (28) . Visual deprivation-related cortical plasticity, however, is not restricted to the visual system as cortical reorganization has also been observed in the intact, that is auditory (29) and somatosensory (30) , cortices, so called intramodal plasticity (31) .
Additionally, fMRI research revealed altered functional interactions of visual cortex with other cortical areas (26, (32) (33) (34) (35) (36) .
Whether the observed behavioral and neuronal changes in congenital blindness are accompanied by changes in the spectral properties of brain areas, is largely unknown.
Brain rhythms have been ubiquitously observed across the cortex (37-39), and specific spectral profiles were associated with anatomical areas (40, 41) . Brain rhythms most likely reflect the synchronization (phase-alignment) of oscillatory activity across neuronal populations, subserving the formation of both local assemblies and large-scale functional networks (42, 43) through dynamical linking of brain areas into coherent functional networks for complex tasks (43) (44) (45) . Various perceptual, cognitive and motor tasks have been shown to recruit brain rhythms in a task-specific manner (42, (46) (47) (48) (49) (50) (51) (52) (53) .
Previous research suggests that ongoing activity recorded during resting state measurements to some extend reflects brain rhythms recruited during tasks-specific performances (40, 44, (54) (55) (56) . Thus, resting state measurements have been used to study the intrinsic brain rhythms of brain areas and relate them to functional roles of these areas (in fMRI (57) , MEG, EEG (40, 41, 45, 58) ).
In congenitally blind individuals, the observation of a reduced or absent visual alpha rhythm is well-established (59) (60) (61) (62) (63) . Only a few studies, however, have investigated the spectral power of brain areas and functional networks in the CB beyond alpha oscillations and beyond the visual cortex. One such study, investigating resting state MEG, found increased connectivity in the delta and gamma ranges within visual cortex in the CB (62) . Interestingly, despite the reduction in visual alpha power, the alpha connectivity between visual cortex and other cortical areas was preserved (Note, however, that the alpha band in this study was defined as a broader frequency band including traditional alpha-and beta-bands, [8] [9] [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] . In a sound categorization task, the auditory and visual areas were more strongly connected in the blind, as measured by correlations of gamma band power (64) , providing support for the notion of the visual cortex being incorporated into the intact sensory systems carrying out non-visual tasks. Furthermore, recent studies observed increases in beta-band connectivity involving visual cortex in the CB (15, 28) . Taken together, these results support the hypothesis that spectral properties are subject to plastic changes due to sensory deprivation, whereas the systematics of these changes is unknown (i.e., which brain areas and which spectral bands are affected).
Here, we employed and extended a novel analysis pipeline (Fig 1) , introduced by (40), to disclose differences in brain rhythms across spectral frequencies and cortical brain areas between CB and S. We hypothesized that (1) spectral profiles ought to be regionspecific and homogenous within the sighted group, enabling the classification of brain regions based on the spectral profiles. (2) Whether the spectral profiles in the congenitally blind are consistently altered by plasticity, and thus would enable the identification of brain regions based on their spectral profiles, was unknown. (3) Visual deprivationrelated plasticity was predicted to result in altered spectral profiles, particularly of those brain regions where visual deprivation-related reorganization has been previously shown, such as the sensory cortices. Due to altered spectral properties, classification performance for these regions was expected to drop in a cross-group classification.
Our analysis pipeline was capable to overcome limitations of standard analyses of brain rhythms, such as facing a predominant activity of frequencies in the alpha and super-low frequency ranges (1/f) and performing poorly at capturing the brains' temporal dynamics over the course of the recording session (43, 58) . The pipeline disentangled spectral properties in the lower frequency ranges using segment-based clustering (of source-localized Fourier spectra) on a log-logarithmic frequency scale. The temporal dynamics of the spectral properties were captured by computing clusters across temporal segments of the signal and thus taking the time course of activity into account. The pipeline further comprised a classifier analysis, which aimed to identify brain regions by their own spectral profile, thereby testing the specificity of region-specific spectral fingerprints.
Results
All analyses were carried out for three experimental groups: First, in order to replicate that spectral profiles are brain region-specific, a sighted group, instructed to maintain eyes open and fixate their gaze during the recording (S-EO; N=23), was tested. Second, to test whether spectral profiles were also homogenous within the congenitally blind and, crucially, whether there were differences in the spectral profiles between sighted and blind, the data of blindfolded sighted (S-EC; N=24) and congenitally blind individuals (CB; N=26) were analyzed. Following the pipeline proposed by (40) , the following analysis was implemented (for an overview see Fig 1; details in the methods section): Fourier spectra were calculated for the preprocessed and segmented (0.8 s long trials) resting state MEG data, projected into source space and spectrally normalized. To localize region-specific spectral clusters, the brain was parcellated into individual regions (N=115) according to the AAL atlas (65) . Single-subject and group-level clustering was applied (k-means (66) and Gaussian Mixture Modelling, GMM (67)), resulting in spectral clusters coherent across subjects per ROI that reflect group-level neural activity in a given brain area. Specificity of the spectral fingerprints of a brain area was assessed by a classifier approach, identifying single-subject anatomical regions (of one half of the group) by their spectral clusters based on group-level clusters from the other half of the group. To this end, first, an experimental group (e.g., the S-EO) was split into a training and a test set. Second, region-specific spectral clusters were calculated for the subjects in the training group. Third, the similarity between the calculated group-level clusters and individual 1 st level clusters (test set) was assessed by computing the probability (negative log-likelihood) of the test data given the training model. Thus, we obtained a fit between each individual anatomical region and all 115 brain areas (expressed in probabilities), which were ranked yielding ranks from 1 (best predictor region) to 115 (worst predictor region). This fitting procedure was repeated 1000 times. For the comparison of the sighted and congenitally blind individuals (crossgroup condition), the sighted were assigned to the training group, while the test set was formed by the group of congenitally blind participants. (1) Continuous resting state MEG data were preprocessed following general procedures and segmented into trials of 0.8 s length. Complex Fourier spectra were computed for each trial separately and projected into source space using previously defined beamforming (LCVM) coefficients. The data was spatially normalized, dividing each voxel's power by the mean power of all trials and voxels. Voxels were grouped according to the AAL atlas and power values were averaged across voxels of each anatomical area (N=115). (2) In the 1 st level analysis, power matrices were clustered into 9 distinct spectral clusters per participant and brain region using k-means and Gaussian Mixture model algorithms. (3A) In the 2 nd level analysis, 1 st level clusters were again subjected to k-means clustering and GGMs to establish region-specific group-level spectral clusters, also referred to as spectral fingerprints in the following. The optimal number of clusters per anatomical area were defined by the Silhouette Criterion prior to the clustering procedure. (3B) For the classification procedure the experimental group was divided into training and test set. For each brain region, the fit between 1 st level clusters of the test group and group-level clusters of all regions of the training set was calculated. This resulted in 115 negative log-likelihood values per anatomical region (its similarity to all brain regions (including itself) based on the spectral clusters). This fitting procedure between training and test set was repeated 1000 times with new group assignment (training vs test) on each iteration. To control for interindividual variance within test and training group, on each iteration, the fitting was repeated 100 times newly drawing a subset from the training and test group (without changing group-assignment).
Spectral fingerprints replicate
In the present study, in our sample of the sighted with open eyes we successfully replicated the classification of individual brain regions by their spectral profiles as first reported by (40) . Particularly, the mean classification performance, indicated by the classification ranks, was high (as reported in the Keitel and Gross, 2016 study) ( Fig 2) .
Classification ranks refer to the probability of a region to be identified by the classifier: a rank of 1 implies a region was correctly assigned on every iteration, a rank of 2 implies correct assignment occurred on a majority of the iterations and so forth. Here, the mean rank (averaged across all iterations and brain areas) obtained from the classifier Importantly, we here statistically quantified the classification performance using permutation tests. The mean classification rank of an area (e.g., right calcarine) was tested against a distribution of classification of all brain areas (except the current one, e.g., right calcarine) accumulated across all iterations (N=1000). For an area with a characteristic spectral profile, classification between corresponding areas (e.g., right calcarine in training vs test set) should be best and, thus, fall above the 95 th percentile of the generated null-distribution. This analysis revealed that for 97% of all areas classification was significantly better when identifying themselves compared to all other regions. 
Good classification within sighted and congenitally blind
In order to investigate the spectral differences between the CB and the S (both blindfolded), first, we performed the classification procedure for each group individually to ensure good within group classification (see Fig 3) . In both groups, we observed good classification ranks (similar to the ones observed for the S with open eyes) (S-EC: mean rank = 2.64, range = 1-11.4, homologue mean rank = 2.17, percent significant ROIs = 98%; CB: mean rank = 2.51, range = 1 -10.3, homologue mean rank = 2.10, percent significant ROIs = 100%), indicating consistent spectral clusters of brain areas within groups. This was an important prerequisite for further between-group analyses B because it reassured that potential group differences did not arise from large within group variance. Furthermore, the results showed a similar distribution of mean ranks across the cortical surface for both CB and S-EC. (C) Illustration of the topographic distribution of significantly different classification ranks in the cross-group condition (highlighted in red), as tested by a permutation procedure. (D) Table of all brain areas (out of 115) for which classification ranks were significantly different between congenitally blind and the sighted (eyes closed) (see C for significant areas highlighted in red).
For this condition, the distribution of mean ranks was broader compared to the within group conditions. 47.8% of 115 areas obtained classification ranks ranging from 1 to 4, while the automatic identification of the remaining regions was less precise (see Fig   4A) . A visual inspection of mean ranks across areas and conditions (see Fig 4B) revealed that some brain regions (i.e., fusiform gyrus, left precentral gyrus) obtained similar rank values across conditions, while the rank value increased for other areas (i.e., Heschl's gyrus, calcarine).
Beyond these descriptive procedures, we inferentially tested for significantly different classification results in the cross-group condition compared to the control, i.e. classification within S-EC. In particular, this analysis assessed whether the mean rank of corresponding brain areas (e.g., calcarine-calcarine) between training (S-EC) and test (CB) sets differed from the classification ranks of the same region across all iterations (N=1000) in the control condition, thus accounting for the variability in the classification procedure. To this end, a distribution of ranks was generated from all iterations (N=1000) of the fitting procedure for the S-EC, against which the mean rank of the cross-group classification was tested; this was done separately for each ROI (see S2 Interestingly, the brain areas identified to have altered spectral profiles in the CB in the cross-group classification showed increased peak frequencies of the neuronal power in the group-level clusters (for a selection of brain areas with significant effects, see Note, however, that the differences in low-gamma power in calcarine between the CB and the S-EC were not significant in the post-hoc tests. A selection of the brain areas (columns) that showed significantly worse cross-group classification is displayed, separately for the S-EC and the CB (rows). Clusters are color-coded according to their peak frequency (legend on the right). (B) Post-hoc analysis of the spectral differences in a selection of significant brain regions (columns). Spectra represent normalized power spectra, averaged across trials and ROI voxels. Frequencies showing power differences between the groups (permutation test: Q=0.05; FDR corrected p-value= .033; p-values < .033) are illustrated as areas shaded in grey. The groups are color-coded (legend on the right).
Discussion
In this study we shed new light on visual deprivation-related changes in spectral properties across cortical brain areas and frequency bands. We implemented a novel whole-brain analysis pipeline, adapted from (40) , capable of disclosing temporally-resolved spectral clusters specific to individual brain regions. K-means clustering and GMM were employed to establish spectral patterns across trials and subjects in the three experimental groups (S-EO, S-EC, CB). A classifier automatically identified anatomical areas based on their spectral profiles for each group separately. Finally, a cross-group classification served to determine brain regions that were spectrally altered between the blind and the sighted. Our first main finding is that the clustering and classification procedures performed exceptionally well for all three groups (97-100% of areas were classified correctly in each group). This highlights consistent brain areaspecific spectral properties across individuals within the sighted as well as the congenitally blind groups. Crucially, second, we showed that visual deprivation gave rise to changes in the spectral profiles of especially sensory (auditory and visual) and rightfrontal cortical areas, as indicated by significantly worse classification performance in the cross-group comparison for these brain areas, but not for other brain areas. More specifically, the spectral profiles of these areas in the CB, showed increased power in the alpha and/or beta frequency-bands in the right primary auditory cortex and rightfrontal brain regions compared to the sighted. The visual cortex in the CB was characterized by a cluster with decreased alpha power compared to the sighted and a gamma (~40 Hz) peak, which was absent in the sighted. Our findings suggest that visual deprivation alters spectral properties particularly of certain brain areas, which have been previously suggested to show functional and structural reorganization. Neuronal power in these brain areas was altered in an area-specific manner, possibly reflecting changes in the functionally-specific processes in these areas (e.g., improved performance) in the congenitally blind.
Robust classification of brain areas based on spectral profiles
Spectral clustering and automatic classification revealed spectral profiles, classification ranks and distributions of classification ranks across cortex in the sighted (with eyes open) similar to the ones first reported by (40) . The observed high classification ranks (Fig 2) suggest the correct brain areas were reliably asigned in the test data based on the spectral profiles of the corresponding area in the training data. Spectral profiles, for example of occipital regions, showed the typically observed peak at ~10 Hz. Spectral peaks in the beta-band (~20 Hz) were prominent across frontal and central brain areas, resembling previously reported natural frequencies of these brain areas ( Fig 5; (40,68,69)). While the spectral profiles of most brain areas well resembled those reported by Keitel and Gross, for some brain areas the spectral profiles differed (see S1 Fig) . This suggests that the used recording system and/or the tested sample of participants can influence the specific profiles of some brain areas more than others. A test on a large dataset across different recording sites (i.e. several 100 recordings) will be necessary to clarify which spectral modes generalize across individuals in in the population. Importantly, within our sample, the spectral profiles were consistent across individuals (i.e. only group clusters were reported were at least ~70 % and on average ~97 % or ~94 % of participants contributed for the S-EO and S-EC, respectively). Thus, the present results show the robustness of brain area-specific spectral profiles, suggesting that (1) spectral profiles are characteristic properties of cortical regions and (2) show coherent patterns across subjects, which enables classification.
Crucially, a new finding of our study is that spectral clusters were also consistent within the group of congenitally blind individuals, as indicated by high classification performance ( Fig 3B) . Similar, as for the sighted group, brain regions could be identified reliably based on their spectral clusters suggesting spectral consistencies across individuals (i.e. only group clusters were reported were at least ~69 % and on average ~95 % of participants contributed). This result suggests, that adaptation of the cortex to visual deprivation leads to homogenously altered spectral fingerprints in congenitally blind individuals. The finding is in line with previous research, showing altered neuronal structures and activity in congenitally blind based on group-level analysis (27, (70) (71) (72) .
In our study deeper, sub-cortical, brain areas (in contrast to what has been reported by Keitel and Gross (40)) were not classified well (S1 Fig). A possible explanation is a lower SNR in deeper brain areas in our data compared to Keitel and Gross, due to the usage of different MEG systems.
Selective spectral plasticity across the brain
In the cross-group classification brain aeas of individual congenitally blind participants were classified based on the group-level spectral clusters of the sighted. In order to isolate visual deprivation-related effects, the sighted and congenitally blind participants were well matched in our study (cf. participants section). While in the cross-group classification, the classification for the majority of the brain areas was relatively good (i.e., low ranks; Fig 4A) , spectra related to auditory, visual and right frontal regions were classified significantly worse compared to the within-sighted classification ( Fig 4C; Note that overall ranks were higher, e.g. worse, in the cross-group classification compared to the within-group classifications). Importantly, these findings suggest that the spectral properties of brain areas are not homogenously altered by deprivation-related plasticity. Previously, a non-monotonic relationship between plasticity and stability across cortex, with decreases in plasticity from early visual to mid-level cortex and increases in plasticity higher in the visual cortical hierarchy, has been reported using fMRI (73, see also 74).
Spectral plasticity in sensory areas
Our findings highlight changes in spectral properties of auditory and visual cortex due to visual deprivation-related neuroplasticity. The findings are in line with previous reports, suggesting that cross-modal reorganization in visual cortex (15, (24) (25) (26) (27) (28) and intramodal reorganization in auditory cortex (31) affect neuronal activity in those sensory areas in blind individuals. Crucially, we show that these areas also show altered spectral characteristics. Visual brain areas that were identified by the classifier to be spectrally different between the sighted and the blind involved primary visual cortex (calcarine sulcus) and its directly adjacent areas (cuneus, lingual gyrus), as well as more dorsal (SOG) visual regions and parts of the ventral visual stream (left ITG), involved in visual object recognition (75) ( Fig 4D) . In these areas, we observed a cluster with a clear visual alpha peak at 10 Hz for the sighted, and a second alpha cluster characterized by a smaller amplitude (Fig 5A) . Keitel (Fig 5A (upper) , S1 Fig) . In contrast, in the CB a first cluster with a strongly reduced alpha power peak, shifted towards higher (beta) frequencies, as well as a second cluster with an entirely absent alpha peak, was apparent in these visual areas (Fig 5A, B) . This observation is in line with previous findings reporting a reduced or entirely absent alpha rhythm in the visual system in blind individuals (59) (60) (61) (62) . Interestingly, the spectral profile of one cluster in visual areas in the blind included a peak in the low-gamma (~40 Hz) range which was entirely absent in the sighted (Note that this finding was not significant in the post-hoc tests, which tested effects independent from the clustering procedure; Fig 5B) . This finding supports a recent report, which found enhanced gamma power correlations within visual cortex using MEG (62) in congenitally blind individuals. The alpha rhythm in humans likely reflects a local mechanism of rhythmic inhibition (76) mediating top-down control by feedback connections (77) and controlling gamma-amplitude (78, see 79) . Synchronized gamma activity -controlled by alpha (de-)synchronization and phase -is suggested to serve a feedforward function, processing sensory information (77, 80) . In light of this, our results suggest that the decreased alpha and increased gamma power reflect an altered inhibitory/excitatory circuit in the visual system in congenital blindness (79, 81) . The reversed power patterns suggest that while visual cortex is functionally inhibited during rest and with closed eyes in the sighted, feedforward visual cortex processing seems to be enhanced in the congenitally blind, presumably due to disinhibition as consequence of atrophy in the thalamo-cortical connections, resulting in the reduced/absent alpha rhythm. This observation might also be related to studies reporting higher metabolism in the CB (82, 83) . A relevant question is, whether the altered spectral profile of visual cortex in congenitally blind individuals reflects changes in the functional role of visual cortex as reported during task-specific processing, i.e., an increased visual cortex recruitment during the processing of non-visual tasks (27, 70, 72, 84) .
Additionally, we found altered spectral profiles in auditory cortex with increases in the power in specific frequency bands. Brain areas in temporal cortex that were identified by the classifier to be spectrally different between the sighted and blind involved primary auditory cortex (right Heschl's gyrus), and areas of the ventral auditory stream (bilateral middle temporal pole, right superior temporal pole, left MTG, STG and ITG) ( Fig 4D) . In these areas, we observed increased power in higher frequencies (alpha to beta range) in the blind compared to the sighted (Fig 5A, B) . Noticable, SMA similarly showed increased power in the beta-band (and absence of delta-and theta-band peaks) in the CB compared to the sighted (S1 Fig). Interestingly, previous research on ultra-fast speech processing in congenitally blind individuals reported that enhanced comprehension of ultra-fast speech in the blind is accompanied by increased speech-tracking of higher frequencies in the alpha-beta range (16 Hz) in right auditory cortex (i.e., phase-alignment to the speech signal), compared to sighted individuals (19) . An fMRI study suggested that pSTG, SMG, IFG, FG, V1 and the pulvinar might be involved in the tracking of ultra-fast speech in the blind (17) . A large amount of studies connected temporal processing to the entrainment of auditory cortex oscillations (50, (85) (86) (87) . Thus, more generally, our findings of frequency increases of spectral power peaks might be related to increased temporal processing abilities, as often reported for congenitally blind individuals (6) (7) (8) 12, 15, 18, 19, 88) . In line with these assumptions, on the other side of the plasticity spectrum, age related decline in processing fast speech has been related to a slowing of theta-oscillations (89) , additionally supporting the association of spectral dynamics within auditory cortex with temporal (speech) processesing.
Further research is required to investigate the specifics of this effect.
Spectral plasticity in right frontal cortex
Beyond spectral reorganization in sensory cortices, our data suggest that particularly right-hemispheric frontal brain regions undergo neuroplastic adaptations as spectral clusters of right MFG and SFG were significantly different between the blind and the sighted. Previous research on plasticity, suggests that frontal cortex is particularly prone to plasticity related reorganization (73, 74) . Interestingly, changes in lateralization of cognitive processes have been reported previously in congenitally blind individuals.
The predominance of the widely distributed frontotemporal language network in the left hemisphere is a robust finding, shown across different languages (90), developmental stages (91) and linguistic tasks (90, 92, 93) . In congenital blindness, however, language processing likely is reflected in a reduced left-hemispheric lateralization of the frontotemporal network (94, 95) . Thus, it is possible that the altered spectral profiles in the right-hemispheric frontal brain regions observed here reflect changes in the hemispheric lateralization of the frontotemporal language network.
One limitation of this study is, that the interpretation of the changes of spectral clusters that were significantly different in the congenitally blind compared to the sighted is complicated by the multidimensionality of the spectral profiles. For that reason, we additionally performed a post-hoc analysis of the non-clustered data (based on the averaged brain area spectrum) to evaluate the cross-group differences between the sighted and congenitally blind individuals (i.e., which frequencies show significant neuronal power differences; Fig 5B; results section) . The analysis confirmed the findings from the spectral clustering approach, and highlighted the advantage of the clustering approach that was able to reveal the more fine grained pattern of brain area spectral peaks.
Concluding remarks
Our study supports the findings of robust brain area specific spectral profiles. Crucially, we provide novel findings that suggest consistently altered spectral profiles in congenitally blind compared to sighted individuals, particularly in visual and auditory brain areas, as well as right frontal cortex. Interestingly, overall spectral profiles in these brain areas showed increased power peaks in the blind. Depending on the brain area these altered spectral profiles are hypothesized to reflect changes in the excitatory-inhibitory cycle of visual cortex, or might be related (auditory and frontal brain areas) to the often enhanced auditory skills -such as enhanced speech processing -of congenitally blind indivdiuals.
Materials and Methods

Participants
The study was approved by the German Psychological Association (DGPs). All participants gave written informed consent prior to the experiments and received monetary compensation. The data were recorded in the context of a larger project (15, 28) . Three to four minutes of resting state MEG data were collected from a group of sighted and congenitally blind individuals matched in age and gender. During data collection the CB and the sighted (S-EC) were blindfolded, however, for the sighted an additional resting state measurement with open eyes was conducted (S-EO). The data reported here include 26 subjects for the CB (12 females; mean age: 37,8 years; SD: 10,2 years; age range: 22-55 years), 24 for the S-EC (11 females; mean age: 36,8 years; SD: 10,1 years; age range: 21-55 years) and 23 for the S-EO (11 females; mean age: 37,3 years; SD: 9,8 years; age range: 21-55 years). A few subjects needed to be excluded after data collection because of corrupted resting state files (one subject for the CB, one subject for the S-EO) or no individual structural MRI scan (three subjects for the S-EC and S-EO). All participants were healthy with normal hearing (self-report) and assured no history of psychiatric or neurological disorders. One blind participant reported a history of depressive mood disorder, but was free of symptoms and without current treatment. Sighted participants had normal or corrected to normal vision (self-report). In the blind, vision loss was total and resulted from a variety of peripheral (pre)natal conditions (retinopathy of prematurity: n=9; genetic defect, n=5; congenital optic atrophy: n=2; Leber's congenital amaurosis: n=2; congenital cataracts, glaucoma: n= 2; congenital retinitis: n= 2; binocular anophthalmia: n= 2; retinitis pigmentosa: n= 1; congenital degeneration of the retina, n= 1). However, 17 participants reported minimal residual light perception. 
MRI and MEG data acquisition
Data analysis
The initial analyses in this study are adopted from of the analysis pipeline proposed by (40) .The modifications of the analysis pipeline and the novel analysis will be stated in detail. All analyses were carried out using Matlab R2018a version (The Math Works 
Spectral analysis in sensor space
The analyses described in the following were performed for all three groups separately (CB, S-EO, S-EC). First, Fourier-spectra were calculated on 0.8 s long trials for each subject, using a multitaper approach (3 tapers) and zero-padding (length of 2 s). Second, using the previously computed LCMV coefficients, the complex Fourier spectra were projected into source space. Fourier spectra of individual voxels and segments were ratio normalized, i.e., divided by the mean power across all voxels and trials (see To identify region-specific spectral clusters in the individual subject, the brain was parcellated according to the AAL atlas (65) (116 anatomical areas). For one anatomical region (cerebellum 3L), however, interpolation between AAL atlas and source model was not successful. Thus, this region was excluded and all analyses are based on the remaining 115 anatomical areas. For each of the ROIs, voxels were grouped and power spectra were averaged across voxels. Clustering algorithms were employed to identify spectral clusters. First, trial-by-frequency matrices were subjected to a kmeans algorithm (66) . The algorithm established spectral clusters by finding coherent patterns across trials. Based on the silhouette criterion (97) across ROIs and subjects (we chose the highest value for optimal number of clusters) a predefined number of clusters was set (k = 9). Second, for each subject and ROI, GMMs (67) were fitted to the 9 clusters obtained from the k-means analysis (1 st level GMM). The optimal number of clusters per brain region across all subjects were identified, evaluating first-level GMMs using the Silhouette criterion, and used for the group analysis. At the group level, k-means clustering was applied to the 1 st level clusters in order to disclose consistent patterns across subjects. The optimal number of clusters per brain area, as assessed by the Silhouette criterion evaluation, was used as parameter for the algorithm. As before, k-means results were fed into GMM revealing the final clusters per brain region (2 nd level GMM).
Automatic within group classification
A classifier was employed to test the specificity of region-specific spectral fingerprints.
After splitting each group into half (training and test group), group-level clusters were calculated for the training group for all anatomical regions using k-means and GMM clustering. For each brain region of the test group, the similarity of spectral profiles was assessed compared to all brain regions of the training group by computing the negative log-likelihood for all pairs of regions. This procedure, that is group assignment and classification, was repeated 1000 times (note that for the S-EO one subject was left out in every iteration to yield an even number of participants in training and test groups).
On each iteration, an additional loop (N=100) controlled for interindividual noise by randomly drawing the adequate number of subjects (i.e., NS-EO=11, NS-EC=12, NCB=13) from the test group with replacement, allowing a subject to enter multiple times or not at all. Put differently, while group assignment and number of subjects per group was kept constant for an iteration of the outer loop, the exact subjects from the group contributing to each inner iteration varied. Based on the mode of clusters identified per brain region in the 2 nd level cluster analysis, the optimal number of clusters for the classification analysis was k=2. Likelihood values were ranked and averaged across iterations (20% trimmed mean). For further comparisons, only corresponding ROIs (e.g., how is the Heschl ROI in the test set ranked based on the training set Heschl ROI) were considered.
Additionally, to the descriptive report of the classification performance, here we tested whether a specific ROI (of the test set) was classified significantly better by the corresponding area of the training set, compared to all other 115 ROIs. This allowed us to exclude the possibility that classification performance was caused by unspecific effects -that is, generic fingerprints. To this end, each region's mean rank (averaged across iterations) was tested against a distribution of classification ranks generated from all other ROIs.
Automatic cross-group classification
Crucially, in order to identify differences in region-specific spectral properties between the CB and S-EC, we performed a cross-group classification. The same classification procedure was employed, however, the classifier was trained on one group (S-EC), while the other (CB) was utilized as the test set. As before, the classification procedure was repeated 1000 times, drawing a subset of N=12 per group on every iteration. Importantly, the randomization of subjects chosen on each iteration was identical to the one used for the within group classification in the S-EC (this is the reason why N=12, instead of using all subjects of both groups). Thus, differences in the classification, as reflected by the ranks, could not be caused by the training set per se. In order to understand whether classification of brain regions was different in the cross-group condition, we tested the cross-group classification mean ranks against the distribution of ranks from the same ROI from the S-EC group. The distributions were generated by taking the classification rank of a corresponding area from training and test set (i.e. Calcarine) across all iterations (see S2 Fig for the distributions of all brain areas) . We calculated the 95 th percentile of the distribution and tested whether the cross-group mean rank of the current region fell above (significant) or below (not significant) this threshold.
To further assess the spectral profiles of brain areas that were significantly different in the cross-group classification, post-hoc permutation statistics were applied to the raw, normalized region-specific spectra (i.e., Fourier spectra without clustering procedure).
The spectral analysis was calculated as in the main analysis (see above). For all significant brain regions seperately, power was averaged across voxels and segments, resulting in a single power value per frequency and per subject. Based on frequency by subject matrices for the CB and the S-EC, group differences in spectral power were assessed by randomly permuting (N=1000) the group assignment (CB vs. S-EC). To control for multiple comparisons, we used FDR (Q = 0.05).
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